Abstract. This paper proposes a new Globally Optimal and Region Scalable Chan-Vese model (GRCV model), which combines the advantages of both local and global intensity information. Intensity information in local regions is emphasized by adding a kernel function in the data fitting term, which thereby enables the proposed model to extract the fine structure in local region. The global information is also considered by adding one data fitting term in Piecewise Constant (PC) model to guarantee that proposed model can successfully segment complete target regions from intensity inhomogeneous images. We give the selection rules of combining the different terms under different target and background intensities: when the target is intensity inhomogeneous while the background is homogeneous, we choose the data fitting term which effects on the outside region of the evolution contour; conversely, we choose the other term. Experiments have been done on different images to compare the effectiveness of our methods with that of the classical PC model, Li's Local Binary Fitting (LBF) model, and Wang's Local and Global Intensity Fitting (LGIF) model. Comparison results show that our model obtains more satisfactory segmentation results. Moreover, it is robust to the curve initialization and noise in images.
Introduction
Image segmentation in image process can be formulated as an energy minimization problem and the active contour technique [1] [2] [3] [4] [5] provides a convenient framework to solve this problem iteratively. The existing active contour models can be classified as edge-based models [1, 2] and region-based models [3] [4] [5] . Edge-based models use a forcing function, computed by applying a differential operator over local edge information, to attract the evolving contour toward the object boundaries. Therefore, these kinds of model are sensitive to image noise and must be used in combination with image smoothing.
Chan and Vese proposed a Piecewise Constant (PC) model [4] , which is a regionbased active contour model without using the explicit edge detector. The PC model assumes that the given image is consists of two regions, the objects to be detected and the background, and image intensities of two regions are statistically homogeneous (roughly a constant). By incorporating region-based information into their energy functional as an additional constraint, this model has large convergence range and flexible initialization. Compared with edge-based models, region-based active contour models have better performance in the presence of weak boundaries, stronger antinoise performance, and weaker dependence on the initial curve. But most of them rely on intensity homogeneous inside each region.
Recently, Li et al. proposed a Local Binary Fitting (LBF) model [6, 7] by adding a kernel function in the data fitting term to overcome intensity inhomogeneous. This model draws upon accurate local intensity information, which enables it to deal with the segmentation problem in intensity inhomogeneous images. It can also detect the weak boundaries of much concave objects in images. However, this model focuses too much on local information, so it is sensitive to the position of initial curve, which causes the wrong segmentation results (shown in Fig. 3(d) ) in some conditions. Wang et al. [8, 9] proposed an improved Local and Global Intensity Fitting (LGIF) model for brain MR image segmentation, which combines the data fitting term of the PC model with the LBF model. It collects the advantages of both local and global intensity information and works well on medical images. But when the boundaries of the targets are very weak, the segmentation results are incomplete (shown in Fig. 2 (e) and Fig. 3(e) ).
We found that the segmentation results are more reasonable when only one data fitting term is added in the LBF model under some conditions. We propose a Globally Optimal and Region scalable CV model (GRCV model) in which both local information and global information of the image are concerned by adding one data fitting term of the PC model into the energy functional of the LBF model. We give the rules to combine different terms under different intensity distribution: When the target is intensity inhomogeneous while the background is homogeneous, the data fitting term effecting on the outside region of the evolution contour should be chosen; conversely, the one effecting on inside region should be chosen. Some experiments on our method have been done on the synthetic and the real images and the experimental results are compared with those of the PC model, the LBF model and the LGIF model. The comparison shows that our method is more satisfactory than the others in extracting the boundaries.
The rest of this paper is organized as follows. Section 2 first presents the wellknown region-based PC model [4] and the region-scalable LBF model [6] proposed by Chunming Li et al, followed our model combining one data fitting term in the PC model with the LBF model. The implementation and the comparison results are discussed in Section 3. The conclusion can be found in Section 4.
Depiction of the Models

Piecewise Constant Model
Tony Chan and Luminita Vese proposed a region-based PC model [4] to detect objects in an image, which is based on piecewise approximation of the well-known Mumford-Shah functional [10] . Instead of using edge detector for stopping the curve evolution, the PC model uses region information (e.g. the intensity of image) and tries to minimize the energy functional of intensity variances within the target region and the background region. Therefore this model has stronger anti-noise performance and weaker dependence on the initial curve. The PC model has a level set formulation, which increases the dimensionality of the function to a higher one, but has an advantage of handling topological changes of the closed curves. Interior contours can be automatically detected using level set formulation.
Let Ω be a bounded open subset of R2 and C be an evolving curve denoting the boundary of the open subset ω of Ω (i.e. C=∂ω). Let I: Ω → R be a given image. In the level set method, the curve C is represented implicitly by the zero level set of a Lipschitz function φ : Ω→ℜ (called level set function) [11] :
where (x, y) denotes the image coordinate. Assume that the image I consists of two regions which are approximatively piecewise constant intensities and the object to be detected is one of the two regions. The final zero level set {(x, y) | φ(x, y) = 0} corresponding to the flame front boundary. The "fitting energy" functional E of CV model is defined as follows:
where λ 1 , λ 2 , and υ are non-negative weighting parameters, and H(φ) is the Heaviside function of φ. c 1 and c 2 , update with the evolution of the level set function φ, are the mean intensities of the region I + and I -which are respectively the region inside and outside of the evolution contour. The first two items of E are called data fitting term, which measures the intensity variances of I + and I -. The last term is called the regularization term, which regularizes the curve length and smoothes the curve according to local curvature information. Segmentation is achieved by minimizing the energy functional in (2).
Globally Optimal and Region Scalable CV Model
In [6] , Chunming Li et al. proposed a region based active contour model using intensity information in local regions. The key idea is to add a kernel function with a scale parameter into the data fitting term, which allows the use of intensity information in regions at a controllable scale. For a given point x in image, the local intensity fitting energy is defined as follows:
where f 1 (x) and f 1 (x) are two values that approximate image intensity in I + and I + respectively. M 1 (φ) = H(φ) and M 2 (φ) = 1-H(φ). The intensities I(y) are a local region centered at the point x, whose size is controlled by the kernel function K σ with a scale parameter σ >0:
The following energy functional is defined to obtain the entire object boundary:
where the second term is length regularization term which keeps the curve smooth, and the last term is called level set regularization term which characterizes the deviation of the level set function form a signed distance function. We show the forces comparisons of the classical PC model, the LBF model, the LGIF model, and the GRCV model on the curve evolution in Fig. 1 . The blue contours in Fig. 1 represent the initial curve, the red contours are the current curve after ten iterations, and the blue arrows represent the force vectors. Fig. 1(b)~(d) respectively show the force of the PC model, the LBF model, and the LGIF model. We can see that the PC model can hold the whole movement of the evolution curve, even at the places far away from object boundaries, so it can handle the curve moves quickly to the targets boundaries but can not get the detailed edges; The force of the LBF model is of great value at the place near object boundaries, so the model can attract the contour towards object boundaries and detect the precise object boundaries, but it is sensitive to initial curve because the force is weak at the place far away from the evolution curve. Moreover, the LBF model is easy to become stuck in local minima. The forces of the PC model and LBF model cooperate the force of the LGIF model, which exists in the global region, will lead to incomplete segmentation when the targets have very weak boundaries.
Our model has the advantages of PC model and LBF model, and is different from LGIF model [8] which combines both two data fitting term in the PC model. Only one global term in Formula (2) is added. The energy functional of the GRCV model is defined:
where the nonnegative parameter k i has the same meaning as λ i in (2). Parameterizing the gradient descent direction by an artificial time t ≥0, the Euler-Lagrange equation
can be derived by minimizing the energy functional E with respect to φ: (9) . e 1 and e 2 are the functions:
When the image contains the intensity inhomogeneous targets and the homogeneous background, the second data fitting term in PC model should be chosen in order that the energy functional corresponding to the region outside of the contour is minimal; conversely, the first data fitting term should be chosen. Fig. 1(e) shows the force of our model using the second data fitting term. The force outside of the contour will pull the evolution curve close to the boundary and finally get the entire target region. The segmentation results are more satisfying than those of the LGIF model in the experiments.
The Experiment Results
The proposed method has been tested on synthetic and real images from different modalities. We compare our model with the PC model [4], Li's LBF model [6] and
Wang's LGIF model [8] . The parameters are fixed in all experiments: λ 1 =λ 2 = k 1 = k 1 =0.03, υ=60, μ =1 and σ=4.
We choose the high speed Planar Laser Induced Fluorescence (PLIF) images [12, 13] in the experiments. Statistical characteristics of flame surface shapes and flame front curvatures provide important information for understanding turbulence and chemistry interaction phenomena such as burning rate of the mixture, flame stabilization and the production of pollutant. The boundary detection of flame front, the main information source we can acquire, becomes an essential step. The intensities of the flame burning region is extremely inhomogeneous, and the long thin cracks appeared in flame surface have very weak boundaries ( Fig. 2(a) and Fig. 3(a) show the gradient maps). So it is difficult to segment the crack regions precisely and extract the flame surface completely from the PLIF images.
The background is single and the flame surface to be segmented is intensity inhomogeneous, so we combine the second data fitting term of the PC model corresponding to the background region with the LBF model (i.e. i=2 in (6)) , it will generate an external force to pull the evolution contour close to the flame front boundary. Experiments have been done on both raw and de-noising PLIF images. 2 gives the experiment results on a de-noising PLIF image disposed by the non-linear diffusion filtering [14, 15] whose gradients of flame front in the top and the bottom are very weak, as shown in Fig. 2(a) and Fig. 2(b) shows the de-noising image after non-linear diffusion filtering and the elliptical initial curve. We can see that part of the crack boundary is very weak. Fig. 2 3 shows the experiment results on a raw PLIF image. The intensity distribution of the flame surface is inhomogeneous: several brighter areas are scattered in image. To testify the insensitivity of our method to different initial curves, a red rectangle initial curve is used in Fig. 3(b) , which is different from that in Fig. 2(b) . The results of the methods are shown in Fig. 3 (c)~(f): the PC model detects the entire flame surface but fails to extract the edge of crack region; the LBF model has the problem of over-segmentation, and it is easy to be stuck in local minima. Our model achieves the better result than that of LGIF model because the external force, generated by the global term acting on outside contour, pulls the contour close to the real boundary. The experiment also demonstrates that our algorithm is robust to image noise.
Another experiment is done on a synthetic image, in which the big circle is target and the small objects around the circle belong to the inhomogeneous background, as is shown in Fig. 4 . We combine the first data fitting term in the PC model with the LBF model (i.e. i=1 in (6) and (7)).because the first data fitting term is corresponding to the target region, and it will generate an internal force to push the evolution contour to the target boundary. The first two rows are the curve evolution processes of our model. Given the two different initial states, the target is successfully segmented by our method. The last row is the curve evolution process of the LGIF model. The LGIF model fails in getting rid of two surrounding objects in the background.
Conclusion
In this paper, we propose a Globally Optimal and Region Scalable Chan-Vese model (GRCV model), which considers both local and global intensity information. The proposed model draws up intensity information in local regions at a controllable scale; therefore it is able to extract the fine structure in local region, such as cracks which are long thin areas with quite weak boundaries in PLIF images. The global information is also considered in energy functional of GRCV model, so our algorithm can successfully segment the complete target region from intensity inhomogeneous images. We compare our model with the classical PC model, Li's LBF model, and Wang's LGIF model on different intensity inhomogeneous images. The experimental results show that our model which takes into accounts both global and local features of images can obtain more satisfactory segmentation results. Moreover, it is robust to the curve initialization and noise in images.
